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environment can be tracked and a pose of the target object
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Obtain a current frame captured by a camera

Predict a current state vector of the camera based on an
mertial measurement unit IMU and the current frame

Generate a Kalman state vector based on a predicted
value of the current state vector of the camera and a
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an updated Kalman state vector

Ao )

FIG. 2



US 12,073,630 B2

Sheet 2 of 5

Aug. 27, 2024

U.S. Patent

S
d
Alvivml

¢ DIA
SH x1mew 091 0$1 Suryoen
—  ueIqooef JUSWISINSBOU [€ yurod omhzm& pue uoNIAIP
S1 renpIsoy jurod amyes g punoissoed ames | oFew]
A
19518) OTWRUA(]
IH X1mew 0€€ ¥d 0ze yod e |o.wm O _—
—  URIQOOR[ — JUSWIAINSBOW (& uoneuasaadal [« amedy €
ay [enpisey 1081 td 108re . ommeusq  |TOMORP Homéh__ gy CIOUED
\ A 4
0LT Ob€ UOTRWIIS - mmw | og1 voneumss | swey mou
orepdn el asod10GIe ], _‘ J0 3504 asod erowe) B 9AISqQ
A A
Z_%DEN
1M :og%%ovmsm P 1Mh g __|ozruomoperd || epuR®
)% : oS e % days-ouQ Son[EA LTT NIAI
paInses|y
011 Josues
[opow uonow
wopuel 10518 ]




U.S. Patent Aug. 27, 2024 Sheet 3 of 5 US

Integrate measured values output by a IMU 111 to
obtain a predicted value of a state vector of the IMU 111
at a current moment

Predict motion of a dynamic target by using a motion
model, and calculate a predicted value of a state vector
of'the dynamic target at the current moment

S

<

S

Calculate a prediction result of a covariance matrix

FIG. 4

/ 510

¢ ; 520
Perform target segmentation K

on an image to obtain a
boundary of a dynamic target

Extract image feature points

330

Classify
the feature points by
using a target detection
result

Process a dynamic
feature point
measurement value

Process a static feature
point

FIG. 5

12,073,630 B2

410

420

430

540 550
\ / /



U.S. Patent

650
iy

If the dynamic target
cannot be tracked
continuously, delete the
dynamic target from
the overall state vector

Aug. 27,2024

Sheet 4 of 5

Track a
dynamic
feature point

/ 610

— Track fails

Track succeeds

QObserve the
—’

first ime

/ 640

Calculate a

result of the
feature point

measurement |

US 12,073,630 B2

/’ 620

Perform initialized
representation on a
newly observed
dynamic target by
using the dynamic
feature point

FIG. 6

If the dynamic target
is continuously
observed, add a state
vector of the dynamic
target to an overall
state vector

Moving object tracking apparatus700

Obtaining

First prediction

module
710

module
720

module
730

Second prediction

Update module
740

FIG. 7

630
e




U.S. Patent Aug. 27, 2024 Sheet 5 of 5 US 12,073,630 B2

Moving object tracking
apparatus 800
Memory Processor
810 820

Communication
connections

Input/Output
interface

830

FIG. 8



US 12,073,630 B2

1
MOVING OBJECT TRACKING METHOD
AND APPARATUS

CROSS-REFERENCE TO RELATED
APPLICATION

This application is a continuation of International Appli-
cation No. PCT/CN2020/087842, filed on Apr. 29, 2020,
which claims priority to Chinese Patent Application No.
201910353672.3, filed on Apr. 29, 2019. The disclosures of
the aforementioned applications are hereby incorporated by
reference in their entireties.

TECHNICAL FIELD

This disclosure relates to the field of pose estimation
technologies, and more specifically, to a method and appa-
ratus for tracking moving objects.

BACKGROUND

As an inseparable part of various intelligent/autonomous
systems in various application fields, for example, fields
such as manufacturing, testing, document analysis, medical
diagnosis, and military, computer vision is a learning about
how to use a camera/video camera and a computer to obtain
required data and information about a photographed object.
Analogously, the computer is equipped with an eye (the
camera/video camera) and a brain (an algorithm) to replace
human eyes to recognize, track, and measure a target, to
enable the computer can sense an environment. Because the
“sense” may be considered as extracting information from a
sensory signal, computer vision may also be considered as
a science of studying how to make an artificial system
“sense” an image or multi-dimensional data. In general,
computer vision is obtaining input information by various
imaging systems instead of a visual organ, and then pro-
cessing and interpreting the input information by a computer
instead of a brain. An ultimate research goal of computer
vision is to enable a computer to observe and understand the
world like a human being, and to be able to adapt to an
environment.

Moving target detection and tracking is a branch of image
processing and computer vision, and is of great significance
in both theory and practice. In scenarios such as automated
driving, military reconnaissance, and augmented reality
(AR) dynamic tracking, a mobile platform needs to be
capable of estimating a pose of the mobile platform. In
addition, the mobile platform further needs to track a target
object that is moving in a surrounding environment and
estimate a pose of the target object.

Currently, a commonly used positioning manner on a
mobile platform is estimating a pose of the mobile platform
based on visual information captured by a camera, and
estimating, based on the pose of the mobile platform, a pose
of a target object in the moving state in a surrounding
environment. However, because the camera has noise, accu-
racy of the pose of the mobile platform that is estimated only
by using the visual information is relatively low. Therefore,
accuracy of the estimated pose of the target object in the
moving state is relatively low.

A multi-state constraint Kalman filter (multi-state con-
straint Kalman filter, MSCKF) may estimate a pose of the
MSCKF by using visual information captured by a camera
and a measurement result of an inertial measurement unit
(inertial measurement unit, IMU). Accuracy of the pose is
relatively high. However, the MSCKF can estimate only the
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2

pose of the MSCKF, which cannot estimate a pose of a target
object in the moving state in a surrounding environment.

SUMMARY

This disclosure provides a method and an apparatus, so
that a target object that is moving in a surrounding environ-
ment can be tracked and a pose of the target object can be
estimated while a pose of an executor can be estimated.
According to a first aspect, a moving object tracking
method is provided, including:
obtaining a current frame captured by a camera;
predicting a current state vector of the camera based on an
inertial measurement unit IMU and the current frame,
to obtain a predicted value of the current state vector of
the camera, where the current state vector of the camera
is used to indicate a current pose of the camera;

predicting a current state vector of a target object that is
moving in the current frame, to obtain a predicted value
of the current state vector of the target object, where the
current state vector of the target object is used to
indicate a current pose of the target object;

generating a Kalman state vector based on the predicted
value of the current state vector of the camera and the
predicted value of the current state vector of the target
object; and

updating the Kalman state vector based on a measurement

result of an image feature in the current frame, to obtain
an updated Kalman state vector, where the updated
Kalman state vector is used to indicate that the target
object is tracked.

It should be understood that the IMU is an apparatus for
measuring a three-axis attitude angle (or an angular rate) and
acceleration of an object. Generally, one IMU includes three
single-axis accelerometers and three single-axis gyroscopes.
The accelerometers detect acceleration signals of an object
on three independent axes of a coordinate system of a
carrier. The gyroscopes detect signals of angular velocities
of the carrier relative to a navigation coordinate system, to
measure an angular velocity and acceleration of the object in
a three-dimensional space, to calculate an attitude of the
object.

In a possible implementation, a Jacobian matrix of an
image feature of the current frame is calculated based on an
image feature of a background part in the current frame and
an image feature of the target object; and the predicted value
of the current state vector of the target object and the
predicted value of the current state vector of the camera that
are included in the Kalman state vector are updated based on
the Jacobian matrix of the image feature of the current
frame.

It should be understood that the image feature may be a
feature point in the image captured by the camera. In image
processing, the feature point is a point at which a grayscale
value of the image drastically changes or a point at which a
curvature is relatively large on an edge of the image (that is,
an intersection point of two edges). The image feature point
plays an important role in a feature point-based image
matching algorithm. The image feature point can reflect an
essential feature of the image, and can identify a target
object in the image. Image matching can be completed
through feature point matching.

In another possible implementation, a dynamic feature
point in the current frame is determined, where the dynamic
feature point includes a representation point and a non-
representation point, the representation point is used as an
origin of a coordinate system of the target object, and the
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non-representation point is used to represent another
dynamic feature point other than the representation point on
the target object; and the current state vector of the target
object in the moving state in the current frame is predicted
based on an attitude of the representation point and a random
motion model, to obtain the predicted value of the current
state vector of the target object.

It should be understood that there are two types of target
segmentation algorithms. One type is to frame a target by
using a bounding box, and the other type is to perform
segmentation at a pixel-level precision for a target. A
segmentation precision of the first-type method is obviously
lower than that of the second-type method, but a calculation
amount of the second-type method is relatively large. Con-
sidering a real-time requirement, in this disclosure, the
first-type method is used to perform target segmentation.

For a dynamic target observed the first time, it is neces-
sary to determine a parameter needed for a complete
description of motion of a rigid body. In this disclosure, the
dynamic target is initialized by using dynamic feature points
on a surface of the dynamic target, and the feature points are
classified into a “representation point” and a “non-represen-
tation point” to represent the dynamic target.

In this embodiment of this disclosure, the initialization of
the dynamic target can improve correctness of adding the
dynamic target to a system state vector, and improve system
robustness.

In this disclosure, it is assumed that a to-be-tracked target
is a rigid body. In other words, the target does not deform
while moving. Generally, 6 degrees of freedom may be used
to describe a pose of the rigid body. A typical representation
manner is to use a feature point (representation point) on the
rigid body and a direction to represent the pose of the rigid
body. However, when the representation point is blocked
while the target is moving, the representation point cannot
be observed and the method is invalid or fails, although an
unblocked part of the rigid body can still be observed.

In this disclosure, a group of feature points rather than a
single feature point on the surface of the dynamic target are
used to represent the dynamic target. To clearly indicate a
position of the rigid body, a “representation point” is
required, and a position of the “representation point” in a
global coordinate system is denoted as “p,. All observed
feature points on the rigid body are “non-representation
points”, except for the “representation point”. Because a
single “representation point” cannot represent a 6-degree-
of-freedom pose of the rigid body, a “non-representation
point” needs to be used as an auxiliary “representation
point” to represent the pose of the rigid body. A coordinate
of the “non-representation point” in a coordinate system of
the rigid body is denoted as Tpﬁ.

According to a property of the rigid body, a relative
position relationship between these feature points does not
change with motion of the rigid body. In other words,
positions of these feature points in a coordinate system that
is static relative to the rigid body do not change. Therefore,
Tpﬁ is a constant that does not change with time. In such a
representation method, even if the dynamic target is partially
blocked, a position of the representation point can still be
calculated and the rigid body can still be successfully
tracked provided that some feature points of the dynamic
target can be observed.

A feasible solution for selecting a “representation point”
and a “non-representation point” is to use a representation
point (one of representation points) observed the first time as
a “representation point” of a rigid body.
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In another possible implementation, the method further
includes: when the representation point is blocked, calcu-
lating the attitude of the representation point by using an
attitude of the non-representation point.

In another possible implementation, the target object in
the moving state in the current frame is framed by using a
bounding box; and a feature point in the bounding box is
determined as the dynamic feature point.

In another possible implementation, when the target
object in the moving state is observed in a plurality of frames
of images before the current frame, the predicted value of
the current state vector of the target object is added to a
sliding window, to generate the Kalman state vector, where
the sliding window includes the predicted value of the
current state vector of the camera.

Optionally, a system does not remove the dynamic target
from the system state vector when the dynamic target is not
observed the first time, because there are many reasons why
the dynamic target is not detected, which may be single error
detection or temporary blocking of the target. In this case, if
the dynamic target is deleted rashly, correctness, continuity,
and robustness of the system will be affected.

Because there may be a high-speed flashing object and
erroneous target detection, the dynamic target is added to an
overall state vector only after the dynamic target is observed
in a plurality of consecutive frames, to ensure correctness of
adding the target.

In another possible implementation, the method further
includes: if the target object in the moving state is not
observed in the current frame within a preset time, deleting
the predicted value of the current state vector of the target
object from the Kalman state vector.

In an embodiment described in this disclosure, the system
does not always retain information about the dynamic target
in the state vector, because unnecessary calculation burden
is caused in that case. To avoid increasing calculation
burden, the dynamic target is deleted from the state vector
and a covariance matrix is modified correspondingly only
when the dynamic target cannot be tracked for a proper
period of time. In a possible implementation, only a row and
a column that correspond to the dynamic target need to be
deleted.

According to a second aspect, a moving object tracking
apparatus is provided. The apparatus includes a module
configured to perform the method in the first aspect.

According to a third aspect, a moving object tracking
apparatus is provided, including:

an obtaining module, configured to obtain a current frame
captured by a camera;

a first prediction module, configured to predict a current
state vector of the camera based on an inertial mea-
surement unit IMU and the current frame, to obtain a
predicted value of the current state vector of the cam-
era, where the current state vector of the camera is used
to indicate a current pose of the camera;

a second prediction module, configured to predict a cur-
rent state vector of a target object that is moving in the
current frame, to obtain a predicted value of the current
state vector of the target object, where the current state
vector of the target object is used to indicate a current
pose of the target object;

a generation module, configured to generate a Kalman
state vector based on the predicted value of the current
state vector of the camera and the predicted value of the
current state vector of the target object; and

an update module, configured to update the Kalman state
vector based on a measurement result of an image
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feature in the current frame, to obtain an updated
Kalman state vector, where the updated Kalman state
vector is used to indicate that the target object is
tracked.

In a possible implementation, the apparatus further
includes:

configured to calculate, a first calculation module, a
Jacobian matrix of an image feature of the current
frame based on an image feature of a background part
in the current frame and an image feature of the target
object; and

the update module is configured to:

update, based on the Jacobian matrix of the image feature
of the current frame, the predicted value of the current
state vector of the target object and the predicted value
of the current state vector of the camera that are
included in the Kalman state vector.

In another possible implementation, the second prediction

module is configured to:

determine a dynamic feature point in the current frame,
where the dynamic feature point includes a represen-
tation point and a non-representation point, the repre-
sentation point is used as an origin of a coordinate
system of the target object, and the non-representation
point is used to represent another dynamic feature point
other than the representation point on the target object;
and

predict, based on an attitude of the representation point
and the random motion model, the current state vector
of the target object in the moving state in the current
frame, to obtain the predicted value of the current state
vector of the target object.

In another possible implementation, the apparatus further

includes:

a second calculation module, configured to: when the
representation point is blocked, calculate the attitude of
the representation point by using an attitude of the
non-representation point.

In another possible implementation, the second prediction

module is configured to:

frame the target object in the moving state in the current
frame by using a bounding box; and

determine a feature point in the bounding box as the
dynamic feature point.

In another possible implementation, the generation mod-

ule is configured to:

when the target object in the moving state is observed in
a plurality of frames of images before the current
frame, add the predicted value of the current state
vector of the target object to a sliding window, to
generate the Kalman state vector, where the sliding
window includes the predicted value of the current state
vector of the camera.

In another possible implementation, the apparatus further

includes:

a deletion module, configured to: if the target object in the
moving state is not observed in the current frame within
a preset time, delete the predicted value of the current
state vector of the target object from the Kalman state
vector.

According to a fourth aspect, a moving object tracking
apparatus is provided. The apparatus includes: a memory,
configured to store a program; and a processor, configured to
execute the program stored in the memory. When the
program stored in the memory is executed, the processor is
configured to perform the method in the first aspect.
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Optionally, the processor may be a general purpose pro-
cessor, and may be implemented by hardware or software.
When implemented by hardware, the processor may be a
logical circuit, an integrated circuit, or the like. When
implemented by software, the processor may be a general
purpose processor, and is implemented by reading software
code stored in the memory. The memory may be integrated
into the processor, or may be located outside the processor,
and exist independently.

The memory, the processor, and an input/output interface
are connected by using an internal connection path. The
memory is configured to store a program instruction. The
processor is configured to execute the program instruction
stored in the memory, to control the input/output interface
830 to receive input data and information, and output data
such as an operation result.

It should be understood that, the processor in the embodi-
ments of this disclosure may be a central processing unit
(central processing unit, CPU), or may further be another
general purpose processor, a digital signal processor (digital
signal processor, DSP), an application specific integrated
circuit (application specific integrated circuit, ASIC), a field
programmable gate array (field programmable gate array,
FPGA), or another programmable logical device, discrete
gate or transistor logical device, discrete hardware compo-
nent, or the like. The general purpose processor may be a
microprocessor, or the processor may be any conventional
processor or the like. Alternatively, the processor uses one or
more integrated circuits, and is configured to execute a
related program, to implement the technical solutions pro-
vided in the embodiments of this disclosure.

The memory may include a read-only memory and a
random access memory, and provide an instruction and data
to the processor. A part of the processor may further include
a non-volatile random access memory. For example, the
processor may further store information of a device type.

In an implementation process, steps in the foregoing
methods can be implemented by using a hardware integrated
logical circuit in the processor, or by using instructions in a
form of software. The method of the communication dis-
closed with reference to the embodiments of this disclosure
may be directly performed by a hardware processor, or may
be performed by using a combination of hardware in the
processor and a software module. A software module may be
located in a mature storage medium in the art, such as a
random access memory, a flash memory, a read-only
memory, a programmable read-only memory, an electrically
erasable programmable memory, or a register. The storage
medium is located in the memory, and a processor reads
information in the memory and completes the steps in the
foregoing methods in combination with hardware of the
processor.

Specifically, the processor obtains the stored instruction
from the memory, and performs the following steps:

obtaining a current frame captured by a camera;

predicting a current state vector of the camera based on an
inertial measurement unit IMU and the current frame,
to obtain a predicted value of the current state vector of
the camera, where the current state vector of the camera
is used to indicate a current pose of the camera;

predicting a current state vector of a target object that is
moving in the current frame, to obtain a predicted value
of the current state vector of the target object, where the
current state vector of the target object is used to
indicate a current pose of the target object;
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generating a Kalman state vector based on the predicted
value of the current state vector of the camera and the
predicted value of the current state vector of the target
object; and

updating the Kalman state vector based on a measurement

result of an image feature in the current frame, to obtain
an updated Kalman state vector, where the updated
Kalman state vector is used to indicate that the target
object is tracked.

In a possible implementation, a Jacobian matrix of the
image feature of the current frame is calculated based on an
image feature of a background part in the current frame and
an image feature of the target object; and the predicted value
of the current state vector of the target object and the
predicted value of the current state vector of the camera that
are included in the Kalman state vector are updated based on
the Jacobian matrix of the image feature of the current
frame.

In another possible implementation, a dynamic feature
point in the current frame is determined, where the dynamic
feature point includes a representation point and a non-
representation point, the representation point is used as an
origin of a coordinate system of the target object, and the
non-representation point is used to represent another
dynamic feature point other than the representation point on
the target object; and the current state vector of the target
object in the moving state in the current frame is predicted
based on an attitude of the representation point and the
random motion model, to obtain the predicted value of the
current state vector of the target object.

In another possible implementation, when the represen-
tation point is blocked, the attitude of the representation
point is calculated by using an attitude of the non-represen-
tation point.

In another possible implementation, the target object in
the moving state in the current frame is framed by using a
bounding box; and a feature point in the bounding box is
determined as the dynamic feature point.

In another possible implementation, when the target
object in the moving state is observed in a plurality of frames
of images before the current frame, the predicted value of
the current state vector of the target object is added to a
sliding window, to generate the Kalman state vector, where
the sliding window includes the predicted value of the
current state vector of the camera.

In another possible implementation, if the target object in
the moving state is not observed in the current frame within
a preset time, the predicted value of the current state vector
of the target object is deleted from the Kalman state vector.

According to a fifth aspect, a chip is provided. The chip
includes: a memory, configured to store a program; and a
processor, configured to execute the program stored in the
memory. When the program stored in the memory is
executed, the processor is configured to perform the method
in the first aspect.

Optionally, the processor may be a general purpose pro-
cessor, and may be implemented by hardware or software.
When implemented by hardware, the processor may be a
logical circuit, an integrated circuit, or the like. When
implemented by software, the processor may be a general
purpose processor, and is implemented by reading software
code stored in the memory. The memory may be integrated
into the processor, or may be located outside the processor,
and exist independently.

The memory, the processor, and an input/output interface
are connected by using an internal connection path. The
memory is configured to store a program instruction. The
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processor is configured to execute the program instruction
stored in the memory, to control the input/output interface
830 to receive input data and information, and output data
such as an operation result.

It should be understood that, the processor in the embodi-
ments of this disclosure may be a central processing unit
(central processing unit, CPU), or may further be another
general purpose processor, a digital signal processor (digital
signal processor, DSP), an application specific integrated
circuit (application specific integrated circuit, ASIC), a field
programmable gate array (field programmable gate array,
FPGA), or another programmable logical device, discrete
gate or transistor logical device, discrete hardware compo-
nent, or the like. The general purpose processor may be a
microprocessor, or the processor may be any conventional
processor or the like. Alternatively, the processor uses one or
more integrated circuits, and is configured to execute a
related program, to implement the technical solutions pro-
vided in the embodiments of this disclosure.

The memory may include a read-only memory and a
random access memory, and provide an instruction and data
to the processor. A part of the processor may further include
a non-volatile random access memory. For example, the
processor may further store information of a device type.

In an implementation process, steps in the foregoing
methods can be implemented by using a hardware integrated
logical circuit in the processor, or by using instructions in a
form of software. The method of the communication dis-
closed with reference to the embodiments of this disclosure
may be directly performed by a hardware processor, or may
be performed by using a combination of hardware in the
processor and a software module. A software module may be
located in a mature storage medium in the art, such as a
random access memory, a flash memory, a read-only
memory, a programmable read-only memory, an electrically
erasable programmable memory, or a register. The storage
medium is located in the memory, and a processor reads
information in the memory and completes the steps in the
foregoing methods in combination with hardware of the
processor.

Specifically, the processor obtains the stored instruction
from the memory, and performs the following steps:

obtaining a current frame captured by a camera;

predicting a current state vector of the camera based on an
inertial measurement unit IMU and the current frame,
to obtain a predicted value of the current state vector of
the camera, where the current state vector of the camera
is used to indicate a current pose of the camera;

predicting a current state vector of a target object that is
moving in the current frame, to obtain a predicted value
of the current state vector of the target object, where the
current state vector of the target object is used to
indicate a current pose of the target object;

generating a Kalman state vector based on the predicted
value of the current state vector of the camera and the
predicted value of the current state vector of the target
object; and

updating the Kalman state vector based on a measurement

result of an image feature in the current frame, to obtain
an updated Kalman state vector, where the updated
Kalman state vector is used to indicate that the target
object is tracked.

In a possible implementation, a Jacobian matrix of the
image feature of the current frame is calculated based on an
image feature of a background part in the current frame and
an image feature of the target object; and the predicted value
of the current state vector of the target object and the
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predicted value of the current state vector of the camera that
are included in the Kalman state vector are updated based on
the Jacobian matrix of the image feature of the current
frame.

In another possible implementation, a dynamic feature
point in the current frame is determined, where the dynamic
feature point includes a representation point and a non-
representation point, the representation point is used as an
origin of a coordinate system of the target object, and the
non-representation point is used to represent another
dynamic feature point other than the representation point on
the target object; and the current state vector of the target
object in the moving state in the current frame is predicted
based on an attitude of the representation point and the
random motion model, to obtain the predicted value of the
current state vector of the target object.

In another possible implementation, when the represen-
tation point is blocked, the attitude of the representation
point is calculated by using an attitude of the non-represen-
tation point.

In another possible implementation, the target object in
the moving state in the current frame is framed by using a
bounding box; and a feature point in the bounding box is
determined as the dynamic feature point.

In another possible implementation, when the target
object in the moving state is observed in a plurality of frames
of images before the current frame, the predicted value of
the current state vector of the target object is added to a
sliding window, to generate the Kalman state vector, where
the sliding window includes the predicted value of the
current state vector of the camera.

In another possible implementation, if the target object in
the moving state is not observed in the current frame within
a preset time, the predicted value of the current state vector
of the target object is deleted from the Kalman state vector.

According to a sixth aspect, a computer-readable medium
is provided. The computer-readable medium stores program
code executed by a device, and the program code includes
an instruction used to perform the method in the first aspect.

According to a seventh aspect, a computer program
product including an instruction is provided. When the
computer program product is run on a computer, the com-
puter is enabled to perform the method in the first aspect.

BRIEF DESCRIPTION OF DRAWINGS

FIG. 1 is a schematic structural diagram of an MSCKF
framework;

FIG. 2 is a schematic flowchart of a moving object
tracking method according to an embodiment of this disclo-
sure;

FIG. 3 is a schematic structural diagram of an MSCKF
framework according to an embodiment of this disclosure;

FIG. 4 is a schematic flowchart of predicting a state vector
at a current moment according to an embodiment of this
disclosure;

FIG. 5 is another schematic flowchart of predicting a state
vector at a current moment according to an embodiment of
this disclosure;

FIG. 6 is another schematic flowchart of predicting a state
vector at a current moment according to an embodiment of
this disclosure;

FIG. 7 is a schematic block diagram of a moving object
tracking apparatus 700 according to an embodiment of this
disclosure; and
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FIG. 8 is a schematic block diagram of a moving object
tracking apparatus 800 according to an embodiment of this
disclosure.

DESCRIPTION OF EMBODIMENTS

The following describes technical solutions of this dis-
closure with reference to accompanying drawings.

MSCKF is a multi-state constraint Kalman filter. The
multi-state constraint means that camera poses of a plurality
of frames of images are added to a Kalman state vector, and
before a Kalman gain is performed, least square optimiza-
tion is performed by using a constraint between the plurality
of frames of images to estimate a spatial position of a feature
point, and then a state vector is constrained based on the
spatial position that is of the feature point and that is
obtained after the optimization. The plurality of frames of
images are stored in a sequence of sliding windows sorted by
time, and coordinates of a plurality of feature points in the
plurality of frames of images are tracked, to establish a
constraint between poses of the frames of images. Another
constraint is that there is a known constraint between a
camera pose and an IMU pose at a same moment. This
constraint is used in state augmentation. Under the two
constraints, the Kalman filter can obtain a better estimate.
This method has advantages of high robustness and low
calculation complexity.

For ease of description, the following describes a frame-
work of the MSCKF in detail with reference to FIG. 1.

FIG. 1 is a schematic structural diagram of an MSCKF
framework. As shown in FIG. 1, the MSCKF framework
may include: a sensor 110 (including an IMU 111 and a
camera 112), a one-step prediction module 120, a camera
pose estimation module 130, a state extension 140, a feature
detection and tracking module 150, a feature point measure-
ment value module 160, and a state update module 170. The
following separately describes the modules in detail.

It should be noted that the camera 112 is not specifically
limited in this embodiment of this disclosure, which may be
a monocular camera, a binocular camera, or a multi-ocular
camera.

(1) IMU 111:

The IMU 111 is an apparatus for measuring a three-axis
attitude angle (or an angular rate) and acceleration of an
object. Generally, one IMU includes three single-axis accel-
erometers and three single-axis gyroscopes. The accelerom-
eters detect acceleration signals of an object on three inde-
pendent axes of a coordinate system of a carrier. The
gyroscopes detect signals of angular velocities of the carrier
relative to a navigation coordinate system, to measure an
angular velocity and acceleration of the object in a three-
dimensional space, to calculate an attitude of the object.

In this embodiment of this disclosure, measured values
output by the IMU 111 are respectively a measured value
w(t) of an angular velocity and a measured value a(t) of
acceleration. Because the IMU 111 sensor has a bias and
noise, a true value () of the angular velocity and the
measured value w(t) of the angular velocity are as shown in
a formula (1), and a true value a(t) of the acceleration and
the measured value a(t) of the acceleration are as shown in
a formula (2):

O(O=0(D)+b(O)+1,(1)

M

a(t)=a(H)+b,(0)+n,(1) 2)

b_(t) is used to represent biases of gyroscopes.
b, (1) is used to represent biases of accelerometers.
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n, (1) is used to represent noise of the gyroscopes, and
complies with Gaussian distribution.

n,(t) is used to represent noise of the accelerometers, and
complies with Gaussian distribution.

It should be noted that, the noise of the gyroscopes and the
noise of the accelerometers are parameters of the IMU 111,
and remain unchanged at a previous moment and a current
moment.

(2) One-Step Prediction Module 120:

Because a data frequency of the IMU 111 is higher than
a frequency of general image visual information, a plurality
of groups of data output by the IMU 111 may be pre-
integrated between two adjacent frames of images, to predict
a state vector of the IMU 111 at a current moment based on
a state vector of the IMU 111 at a previous moment, to obtain
a predicted value of the state vector of the IMU 111 at the
current moment.

The state vector of the IMU 111 may include parameters
such as a current pose and an instantaneous speed. For
details, refer to a formula (3):

I1=T

Xnw =57 3

T
b o o]

Xsu 1s used to represent a state vector of the IMU 111.

a~
N

is used to represent an attitude (or an orientation) of the
IMU 111 in a global coordinate system (global, G), and
g represents a quaternion.

%y, is used to represent a speed of the IMU 111 in the
global coordinate system G.

%p, is used to represent a position vector of the IMU 111
in the global coordinate system G.

The IMU 111 may predict the state vector of the IMU 111
at the current moment based on the state vector of the IMU
111 at the previous moment. For details, refer to a formula

)

A 4)
X pp-1 = Ximug-1k-1 + KXo (0t
k-1

X pu.ar— may be used to represent X,,,,, at a current
moment (k) that is predicted based on updated X,,,,, at
a previous moment (k—1).

Xmus—1i— 1s used to represent updated X, at the
moment (k—1).

Lk,,th rADdtis used to represent integrated X ,,,,(t) from

the moment (k—1) to the moment (k).)

X ps0(t) is used to represent a derivative of a true value of

XIMU'

X s (1) may be obtained by using a motion law shown in
a formula (5):

ri L ®)
o ST
. by 0
5 A=) % = ) a- 2000 %1% - Los X120, + Og
b, 0
G Goy

20

25

30

35

40

45

50

55

60

65

a~
>

is used to represent a derivative of a true value of

o~
9

©V, is used to represent a derivative of a true value of “v,.
Sp, is used to represent a derivative of a true value of “p,.

and an operation of converting a quaternion into a
matrix.

Bg is used to represent a derivative of a true value of b,.

b,, is used to represent a derivative of a true value of b,.

4 is used to represent a true value of acceleration.

o is used to represent a true value of an angular velocity.

|_0)GXJ is used to represent an operation of converting a
vector Mg into an anti-symmetric matrix, and ® is
used to represent an angular velocity of rotation of the
earth.

It should be noted that, for an operation of converting a

vector into an anti-symmetric matrix, for example,

a 0 -a3 a
a:[azland L?zxj:[ @ 0 —al].
a 0

as —az

A definition of Q(®) is shown in the following formula

6):

©®

Qw) = lew x] w]

-0’ 0

(3) Camera Pose Estimation Module 130:

The camera pose estimation module 130 is configured to:
when a new frame arrives, determine a state vector X, of
the camera 112 at a current moment based on a predicted
value X,/ oy Of the state vector of the IMU 111 at the
current moment.

(4) State Augmentation 140:

The state augmentation 140 is configured to: when a new
frame arrives, add a state vector X" of the camera 112 to
a current overall state vector of a sliding window, to form a
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new overall state vector. For a specific state vector X" of
the camera 112, refer to a formula (7) to a formula (7-2):

Cy

- @™ s

c
Xov =" °pt,]

is used to represent an orientation of the camera 112 in the
global coordinate system G at a current moment (a

moment N). For calculation of a true value of 10

refer to the formula (7-1).

GpCN is used to represent a position vector of the camera
112 in the global coordinate system G at the current
moment (the moment N). For calculation of a true value
of GpCN, refer to the formula (7-2).

20

(7-1)

2 _CON_ T2
4= 79®c6q
25

is used to represent an orientation between the camera 112
and the IMU 111.

30

a~
2P

is used to represent a true value of an attitude (an
orientation) of the IMU 111 in the global coordinate
system G.

@ is used to represent quaternion multiplication.

40

Gi)CN =%+ C(éq)T]pCN (7-2)

%p, is used to represent a true value of a position of the
IMU 111 in the global coordinate system G.

IpCN is used to represent a position between the camera 112
and the IMU 111.

The state vector X; of the camera 112 at the current
moment is added to the current overall state vector in the
sliding window, to form a new overall state vector.

It should be noted that a transformation matrix J needs to
be calculated after the state vector X, of the camera 112 at
the current moment is added to the current overall state
vector of the sliding window. A covariance matrix corre-
sponding to the new overall state vector is calculated based
on the transformation matrix J.

55

For modification of the covariance matrix corresponding
to the overall state vector, refer to a description in a formula

(8):

®

I Iad
P < [J]Pkyﬁl[‘]] 65

14

A method for calculating J is shown in a formula (9):

c(fq) 039 0 0 ®

- —C({ﬁ)Tl_IPCXJ O3 1 0

The new overall state vector in the state augmentation 140
in this embodiment of this disclosure may be represented as
follows:

Xk:[XlMUTXCIT- - XCNT]T (10)

X Tepresents a state vector of the IMU.
X; represents a state vector of the camera 112 at a
moment i.
N is a quantity of moments for storing a pose of the
camera 112 in a sliding window.
(5) Feature Detection and Tracking Module 150:

The feature detection and tracking module 150 is config-
ured to obtain a feature point in an image captured by the
camera 112.

It should be understood that, in image processing, the
feature point is a point at which a grayscale value of the
image drastically changes or a point at which a curvature is
relatively large on an edge of the image (that is, an inter-
section point of two edges). The image feature point plays an
important role in a feature point-based image matching
algorithm. The image feature point can reflect an essential
feature of the image, and can identify a target object in the
image. Image matching can be completed through feature
point matching.

In a possible implementation, the feature point in the
image captured by the camera 112 may be extracted by using
a FAST algorithm.

(6) Feature Point Measurement Value Module 160:

The feature point measurement value module 160 is
configured to calculate a Jacobian matrix of an image
feature, so that the state update module 170 updates an
overall state vector X, and a covariance matrix at a current
moment that are predicted by the one-step prediction module
120 in a formula (16).

(7) State Update Module 170:

The state update module 170 is configured to update an
overall state vector X, and a covariance matrix at a current
moment that are predicted by the one-step prediction module
120.

According to the moving object tracking method provided
in this disclosure, an attitude of a target object that is moving
can be estimated while an attitude of a system can be
estimated. The following describes technical solutions pro-
vided in the embodiments of the present application in detail
with reference to accompanying drawings.

FIG. 2 is a schematic flowchart of a moving object
tracking method according to an embodiment of this disclo-
sure. As shown in FIG. 2, the method includes steps 210 to
240. The following separately describes steps 210 to 240 in
detail.

Step 210: Obtain a current frame captured by a camera.

Step 220: Predict a current state vector of the camera
based on an inertial measurement unit IMU and the current
frame, to obtain a predicted value of the current state vector
of the camera.

The current state vector of the camera is used to indicate
a current pose of the camera.
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Step 230: Generate a Kalman state vector based on the
predicted value of the current state vector of the camera and
the predicted value of the current state vector of the target
object.

The Kalman state vector may correspond to the overall
state vector described above. It should be understood that, in
this embodiment of this disclosure, after a target object is
detected, a state vector that is at a current moment and that
is obtained through initialization of the newly observed
target object may be added to an overall state vector, to form
a new overall state vector.

Step 240: Update the Kalman state vector based on a
measurement result of an image feature in the current frame,
to obtain an updated Kalman state vector.

The updated Kalman state vector is used to indicate that
the target object is tracked.

It should be noted that, this embodiment of this disclosure
is equivalent to modules for predicting and updating a target
object are added to the MSCKF framework shown in FIG.
1. The following describes, in detail with reference to FIG.
3, an MSCKF framework used to estimate an attitude of a
system and an attitude of a target object that is moving in an
embodiment of this disclosure.

FIG. 3 is a schematic structural diagram of an MSCKF
framework according to an embodiment of this disclosure.
As shown in FIG. 3, the MSCKF framework may include:
a sensor 110 (including an IMU 111 and a camera 112), a
one-step prediction module 120, a camera pose estimation
module 130, a state augmentation 140, a feature detection
and tracking module 150, a feature point measurement value
module 160, a state update module 170, a target detection
310, a target representation 320, a target measurement 330,
and a target pose estimation 340. The following separately
describes the modules in detail.

(1) IMU 111:

Refer to the description of the IMU 111 in FIG. 1. Details
are not described herein again.

(2) One-Step Prediction Module 120:

The one-step prediction module 120 may not only predict
a state vector of the IMU 111 at a current moment based on
a state vector of the IMU 111 at a previous morment, but also
predict motion of a dynamic target by using a motion model
and calculate a predicted value of a state vector of the
dynamic target at the current moment. For details, refer to
FIG. 4.

FIG. 4 is a schematic flowchart of predicting a state vector
at a current moment according to an embodiment of this
disclosure. The method shown in FIG. 4 may include steps
410 to 430. The following separately describes steps 410 to
430 in detail.

Step 410: Integrate measured values output by the IMU
111 to obtain a predicted value of a state vector of the IMU
111 at a current moment.

For details, refer to the description of the one-step pre-
diction module 120 in FIG. 1. Details are not described
herein again.

Step 420: Predict motion of a dynamic target by using a
motion model, and calculate a predicted value of a state
vector of the dynamic target at the current moment.

For target tracking with the MSCKF framework, a motion
model of a dynamic target needs to be established. In
different application scenarios, there are different dynamic
targets, and different motion models may be established
based on different motion modes of the targets. The motion
models may be uniformly shown in a formula (11):

Xo=FXGir an
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X, is used to represent a derivative of an error value of a

state vector of a dynamic target.

X, is used to represent the error value of the state vector

of the dynamic target.

Matrices F, and G- are related to a motion model. The
following describes the matrices F,-and G, with reference to
a specific motion model.

This embodiment of this disclosure proposes three ran-
dom motion models to model motion of a target. In actual
application, a motion model needs to be properly selected
based on different application scenarios, or another motion
model needs to be used depending on a situation.

In this embodiment of this disclosure, a motion status of
a dynamic target can be predicted in a short time.

In a possible implementation, the random motion model
is a global uniform motion model. A speed and an angular
velocity of a dynamic target in the model are considered as
a random walk model. The model is applicable to a case in
which a position and an orientation of the dynamic target are
decoupled.

A state vector of the dynamic target may include param-
eters such as a current pose and an instantaneous speed. For
details, refer to a formula (12):

a2

_ [T T,T G,T G T1T
Xr =157 w rr “vrl

X is used to represent a state vector of a dynamic target.

is used to represent an attitude of the dynamic target in a
global coordinate system (global, G), and q represents
a quaternion.

" is used to represent an angular velocity of the dynamic
target.

%p, is used to represent a position vector of the dynamic
target in the global coordinate system (global, G).

G v, is used to represent a speed of the dynamic target in
the global coordinate system (global, G).

A formula of a derivative of a true value of the state vector

of the dynamic target is shown in a formula (13):

a3

A
SRELCE

. T

PN @

Xr=| ~|= 0
Gi)T GST

X,(t) is used to represent a derivative of a true value of a
state vector of a dynamic target.

(D]
b

is used to represent a derivative of a true value of an
attitude of the dynamic target in the global coordinate
system (global, G), and q represents a quaternion.

"o is used to represent a derivative of a true value of an
angular velocity of the dynamic target.



US 12,073,630 B2

17

Gf)T is used to represent a derivative of a true value of a
position vector of the dynamic target in the global
coordinate system (global, G).

G\?/T is used to represent a derivative of a true value of a
speed of the dynamic target in the global coordinate
system (global, G).

&9, is used to represent the true value of the speed of the
dynamic target in G.

o~
P

is used to represent me true value of the attitude of the
dynamic target in G.
When the random motion model is the global uniform
motion model, matrices F,and G, are respectively shown in
a formula (13-1) and a formula (13-2):

-|"&| 1 05 05 (13-1)
Fp= 03 03 03 03

0, 05 0 I

03 03 03 05

03 03 (13-2)

03 I
Gr= 03 03

Iy O3

In another possible implementation, the random motion
model is a local uniform motion model. A speed of a
dynamic target in the model is constant in a local coordinate
system. The model is applicable to a ground robot or
fixed-wing aircraft model.

For a state vector of the dynamic target, refer to a formula
(14):

Ial Tl G

XT=[(;7 TT]T

ph i a4

Ty, is used to represent a speed of a dynamic target in the
local coordinate system.

A derivative of a true value of the state vector of the
dynamic target is shown in a formula (15):

asy

| sk
R T4
fFro=| T=| O
GAT C((Tﬁ) br
T 0

When the random motion model is the local uniform
motion model, matrices F,and G, are respectively shown in
a formula (15-1) and a formula (15-2):

-f&| 5L 03 05 (15-1)
Fr= 03 03 03 03
—$R|or] 05 0 FR
03 03 03 03

(=
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-continued
0; 03 (15-2)
o5 &
Gr = 03 04
I O

In another possible implementation, the dynamic random
motion model is a local plane motion model, and motion of
a dynamic target in the model is constrained on a plane. In
this model, noise is considered in plane estimation so that
the model adapts to a plane constraint change.

For a state vector of the dynamic target, refer to a formula

(16):

16

®, is used to represent an angular velocity component in
a z direction in a local coordinate system.

v, is used to represent a speed component in an x direction
in the local coordinate system.

v, is used to represent a speed component ina Y direction
in the local coordinate system.

A formula of a derivative of a true value of the state vector
of the dynamic target is shown in a formula (17):

) 0 an
" - 0 T2
&4 29[ N ]Gq
. Wy
_ . 0
rw=|6; |= Dy
b o]
N C((Tﬁ) vyl
Vy 0
5 0
V-
7 0

When the random motion model is the local plane motion
model, matrices F; and G, are respectively shown in a
formula (17-1) and a formula (17-2):

-"&] e 03 03,2 (17-1)
Fo= 03 03><1 03 03><2
T = N N
_(T;Rl_Ti}TJ Oy O3 —(T;R[el e;]
Oz O2a Oz 022
0; I (17-2)
G o Oz 53
T=1%kk o
J o O
100 100
Ip=|01 0| K= 00],and
000 000
J_[1 0 0]
“lo1 o]

The dynamic target may predict a state vector of the
dynamic target at a current moment based on a state vector
of the dynamic target at a previous moment. For details,
refer to a formula (18):
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as)

ko
Xrpp-1 = Xrjpo1pp-1 + f Xr(ndt
k-1
X7 i1 may be used to represent X, at a current moment
(k) that is predicted based on updated X, at a previous
moment (k—1).

X x_1—1 is used to represent updated X, at the moment
(k=1).

f b b
k-1

Prrgpe-1

T
Pp1 = Prr g1

T T pT T
Prep1p1 P11 + T, 1) Pregoap1®rlr + 1, 1)

is used to represent integrated X,(t) from the moment
(k—1) to the moment (k).

X (1) is used to represent a derivative of a true value of X.

Different motion models correspond to different X(t).
For details, refer to the formulas (13), (15), and (17).

In this embodiment of this disclosure, the overall state
vector at the current moment that is predicted by the
one-step prediction module 120 may be represented as
follows:

Xi= [XIMUTXTIT- - XTMTXCIT- e XCNT]T

19

X Tepresents a state vector of the IMU.
X, represents a state vector of the camera 112 at a
moment i.

Xy represents a state vector of a j** dynamic target.

N is a quantity of moments for storing a pose of the
camera 112 in a sliding window.

M is a quantity of dynamic targets that are being tracked.

It should be noted that the overall state vector may also be
referred to as a Kalman state vector.

Step 430: Calculate a prediction result of a covariance
matrix.

When calculating the state vector at the current moment
based on the state vector at the previous moment, the
one-step prediction module 120 may further predict a cova-
riance matrix at the current moment based on a covariance
matrix at the previous moment.

A covariance matrix of an overall system state vector at
the previous moment is shown in a formula (20):

Pra-p-1 Prrj-p-1 Prcp-1p—1 20)
T
Py = | Prrpapmr Prrg-ip-1 Preg-ije-1

T T
Preg-1p-1 Prop-ip-1 Prri-ip-1

P,_11.; is used to represent an updated covariance matrix
at a previous moment (k—1).

Py i 11 1s used to represent an updated covariance
matrix between IMUs 111 at the previous moment
(k-1).
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P,ri_14—1 1s used to represent an updated covariance
matrix between the IMU 111 and a dynamic target at
the previous moment (k—1).

P,ci 111 is used to represent an updated covariance
matrix between the IMU 111 and the camera 112 at the
previous moment (k—1).

P 11—y 1s used to represent an updated covariance
matrix between the IMU 111 and a dynamic target at
the previous moment (k—1).

Prri 111 is used to represent an updated covariance
matrix between dynamic targets at the previous
moment (k—1).

Prc i1 18 used to represent an updated covariance
matrix between the dynamic target and the camera 112
at the previous moment (k—1).

A covariance matrix of an overall system state vector at a

current moment (k) is shown below.

Q-1 + T, t-1)Prc 1)1

Cr(t-1+ T, t)Prcp-1p-1

Prr i1
Prr g1

Pcci-1ji-1

Pz 1s used to represent a covariance matrix at the
current moment (k) that is predicted based on updated
Pi_11.; at the previous moment (k—1).

Py, riy s used to represent a covariance matrix that is
between the IMUs 111 at the current moment (k) and
that is predicted based on updated P, ;,_, at the
previous moment (k—1).

P71 1s used to represent a covariance matrix that is
between the IMU 111 and the dynamic target at the
current moment (k) and that is predicted based on
updated P;;,_,,,_, at the previous moment (k—1).

P4 11 15 used to represent a covariance matrix that is
between the dynamic targets at the current moment (k)
and that is predicted based on updated P ,_; ., at the
previous moment (k—1).

Poci1iue is used to represent an updated covariance
matrix between cameras 112 at the previous moment
(k-1).

& is a state transition matrix, and meets a relationship
shown in a formula (21) and a formula (22):

b,(1,1)=F ()P (1,1) @

(1t )=FADD(1,1,)

Py wiie1> Prrsar—r» and Py, may be calculated through
numerical integration by using the following formula
(23) to formula (25):

(22)

P =FP Py F T+GQIMUGT (23)
PT7= FoPrtP o F, TT+GTQTGTT 24
Pn:FPlTPlTFTT (25)

Qa0 and Qg are covariance matrices corresponding to
noise n,,,;, and n4.
A matrix F is shown in a formula (26), and a matrix G is
shown in a formula (27):

—lwx] -k O35 O35 O35 (26)
O35 O35 O3y O35 O35
T, a7
F=|-C((g) lax] 035 -2lwex] —CE8) -lwex/?
O35 O35 O3y O35 O35
O35 033 -1 O35 O35
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L; is used to represent a unit matrix of 3x3.

05, is used to represent a zero matrix of 3x3.

Lax] is used to represent an operation of converting a
vector into an anti-symmetric matrix, and 4 is used to
represent a true value of acceleration.

=i O3 O3 O3y 27
O3 I3 O3x3  Oax3
T
G=|055 O3 —CL7) O3
O3x3 O3k O3 I
O35 O35 O3ez 033

(3) Camera Pose Estimation Module 130:

The camera pose estimation module 130 is configured to:
when a new frame arrives, determine a state vector X, of
the camera 112 at a current moment based on a predicted
value X1, 1y Of the state vector of the IMU 111 at the
current moment, and add the state vector X, to a sliding
window. Refer to the description of the camera pose esti-
mation module 130 in FIG. 1. Details are not described
herein again.

(4) State Augmentation 140:

Refer to the description of the state augmentation 140 in
FIG. 1. Details are not described herein again.

(5) Feature Detection and Tracking Module 150:

The feature detection and tracking module 150 may
classify feature points in an image to obtain a dynamic
feature point and a static feature point (background feature
point). For details, refer to FIG. 5.

FIG. 5 is another schematic flowchart of predicting a state
vector at a current moment according to an embodiment of
this disclosure. The method shown in FIG. 5 may include
steps 510 to 550. The following separately describes steps
510 to 550 in detail.

Step 510: Extract image feature points.

The feature points are extracted by using a FAST algo-
rithm. In an actual scenario, feature points are usually
unevenly distributed. To obtain feature points distributed as
evenly as possible in an image, the image is segmented into
grids, and the feature points are extracted evenly in the
image grids.

Step 520: Perform target segmentation on the image to
obtain a boundary of a dynamic target.

There are two types of target segmentation algorithms.
One type is to frame a target by using a bounding box, and
the other type is to perform segmentation at a pixel-level
precision for a target. A segmentation precision of the
first-type method is obviously lower than that of the second-
type method, but a calculation amount of the second-type
method is relatively large. Considering a real-time require-
ment, in this disclosure, the first-type method is used to
perform target segmentation.

Step 530: Classify the feature points by using a target
detection result.

The bounding box is used to classify the extracted feature
points. The target detection 310 determines, as a dynamic
feature point, a feature point that is within the bounding box
and that is located on the dynamic target; and determines, as
static feature point, a feature point that is within the bound-
ing box and that belongs to static background.

(6) Feature Point Measurement Value Module 160:

The feature point measurement value module 160 is
configured to process a static feature point. For details, refer
to step 540 in FIG. 5.
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Step 540: Process a static feature point.

When a feature point is lost or a maximum quantity of
tracking points is reached, data of the feature point is used
to update a state vector:

Z%) = H(Cp(f?) +ng @8

P9 =) PP - pc)

0 = 29

I1 is a projection function for projecting a feature point in
a three-dimensional space onto a planar image, and i is a
number of a dynamic target.

Residual equations of the feature point are as follows:

r%) zHX)?+H/SCp(/2+n/S GO
) t3 7 i 2
HY =[0 ... O PR x| -10C(6h) ...] @D
HY = 79¢(S8) G2
I and Cf)fx(i) are shown in formulas (33) and (34):
g (33)
10 =
0L 2
Cz(’) o1 C}’}(’)
CZ(i)
cp® (€0)]
C}A)%) - Cf,(r)
Cz(l)

To remove impact of Cf)fx(i) in the residual equation, in this
embodiment of this disclosure, the residual equation is
projected to a left null space of Hy. Assuming that N is a
unitary matrix including a group of bases in the left zero
space of Hy, N7 H,=0. Left and right ends of the residual
equation are both left-multiplied by N7 to obtain a formula

0:

NTr O=NTH X+N"n, (35)
A residual rg is denoted as a formula (36):
re=HX+ng (36)

Hg is used to represent a Jacobian matrix.
(7) Target Representation 320:

The target representation 320 is used to represent a
dynamic target by using a dynamic feature point in an image.
Refer to a description of processing a dynamic point mea-
suremment value in step 550. For a specific implementation of
processing a dynamic point measurement value, refer to a
method described in FIG. 6.

FIG. 6 is another schematic flowchart of predicting a state
vector at a current moment according to an embodiment of
this disclosure. The method shown in FIG. 6 may include
steps 610 to 650. The following separately describes steps
610 to 650 in detail.

Step 610: Track a dynamic feature point.

In this embodiment of this disclosure, the feature point is
tracked by using a KLT algorithm, to respectively perform
left-eye inter-frame matching, right-eye inter-frame match-
ing, and stereo matching.
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Step 620: Observe the dynamic feature point the first time.

For a dynamic target observed the first time, it is neces-
sary to determine a parameter needed for a complete
description of motion of a rigid body. In this disclosure, the
dynamic target is initialized by using dynamic feature points
on a surface of the dynamic target, and the feature points are
classified into a “representation point” and a “non-represen-
tation point” to represent the dynamic target.

In this embodiment of this disclosure, the initialization of
the dynamic target can improve correctness of adding the
dynamic target to a system state vector, and improve system
robustness.

In this disclosure, it is assumed that a to-be-tracked target
is a rigid body. In other words, the target does not deform in
a moving process. Generally, 6 degrees of freedom may be
used to describe a pose of the rigid body. A typical repre-
sentation manner is to use a feature point (representation
point) on the rigid body and a direction to represent the pose
of the rigid body. However, when the representation point is
blocked in the moving process of the target so that the
representation point cannot be observed, this representation
method is invalid, although an unblocked part of the rigid
body can still be observed.

In this disclosure, a group of feature points rather than a
single feature point on the surface of the dynamic target are
used to represent the dynamic target. To clearly indicate a
position of the rigid body, a “representation point” is
required, and a position of the “representation point” in a
global coordinate system is denoted as “p,. All observed
feature points on the rigid body are “non-representation
points”, except for the “representation point”. Because a
single “representation point” cannot represent a 6-degree-
of-freedom pose of the rigid body, a “non-representation
point” needs to be used as an auxiliary “representation
point” to represent the pose of the rigid body. A coordinate
of the “non-representation point” in a coordinate system of
the rigid body is denoted as Tpﬂ.

According to a property of the rigid body, a relative
position relationship between these feature points does not
change with motion of the rigid body. In other words,
positions of these feature points in a coordinate system that
is static relative to the rigid body do not change. Therefore,
Tpﬂ is a constant that does not change with time. In such a
representation method, even if the dynamic target is partially
blocked, a position of the representation point can still be
calculated and the rigid body can still be successfully
tracked provided that some feature points of the dynamic
target can be observed.

A feasible solution for selecting a “representation point”
and a “non-representation point” is to use a representation
point (one of representation points) observed the first time as
a “representation point” of a rigid body.

In this embodiment of this disclosure, the method is
applicable to a case in which a dynamic target is partially
blocked, and system robustness can be improved.

(8) Target Pose Estimation 340:

The target pose estimation 340 may determine, based on
a position “p, that is output by the target representation 320
and that is of a representation point in a global coordinate
system and a coordinate Tpﬂ that is output by the target
representation 320 and that is of a non-representation point
in a coordinate system of a rigid body, whether a new
dynamic target is observed. If a dynamic target is newly
observed, a state vector of the dynamic target at a current
moment is added to the overall state vector shown in the
formula (19). For details, refer to the method described in
FIG. 6.
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Step 630: If the dynamic target is continuously observed,
add a state vector of the dynamic target to an overall state
vector.

Because there may be a high-speed flashing object and
erroneous target detection, the dynamic target is added to an
overall state vector only after the dynamic target is observed
in a plurality of consecutive frames, to ensure correctness of
adding the target.

It is assumed that a dynamic target is observed in frames
C; to Cy, and je [1,N]. Triangulation is performed on feature
points on the observed target, to obtain positions

C.
Ipr
and

C. (5
]p(/lr)

of a representation point and an i”* non-representation point
in a C; coordinate system. A state vector of the dynamic
target is initialized based on observation of the dynamic
target in the frames.

In this embodiment of this disclosure, a system may
continuously update state vectors (including poses of a
dynamic target and the system) by using a new observation
result, to ensure that an algorithm tracks and locates the
system and the dynamic target in a dynamic unknown
environment.

The following provides initialization results of different
random models.

In some embodiments, a running model is a global
uniform motion model. A direction of a coordinate system of
an N frame (a current frame) is selected as an initial
direction of a dynamic target, as shown in formulas (37) and
(38):

__Cy_ 37
ta="0t7 @7
Ca N ACiNTC. (¢ (38)
(Ve xJcNa)c da) e
w=

ty—1;

S P =% pr
C; C;
1% P = pr|

C . o
]e;f::

is a unit vector in a direction of a representation point
pointing to an i” non-representation point in a Cj coordinate
system.

t; is a time of a j* frame.

_ Sprn =S pr; 39

G
vr ty—1;
c; \Tc . 40
Spr;=(la) “pr+pe,

Ccy \TC 41
Cpr=C%prn= C( I(\;IQ) Npr+Spcy “h

In some embodiments, a running model is a local uniform
motion model, only representation of a speed is different
from that in the previous model, and other variables are the
same. v, is shown in a formula (42):
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T TPT,N - TPT,]' #2)
vp=———
ty—t;
In the formula,
Tpry= C(ng)(cpm - Gpcj) @3
N 44)

TPT,N = Py

In some embodiments, a running model is a local plane
motion model, and calculation of related parameters is
shown in formulas (45) to (53):

c ¢, \Tc, ¢ (45)
o genLYenxic(Vale(Ga) e
w= C( Gq)
ty—t;
w, =€l (46)
r Sw “47n
Ge =
5l
N )
oy _ GGy (48)
T v —1t;
vy =% = %vr-Le| “9)
7, _ Gyp —Gyp-Le, (50)
G&x —
v = Svr - Fe|
Gey = |Ge.x|Lex (51
v, =0 (52)
(53)

c(¥a)=[te. Le, Le.]

T
G€i

represents a direction vector (i=x, y, z) of a coordinate axis
in a T coordinate system.

G4

Cy \TC
Cpr= C( g?) Npr+€ pey

It should be noted that, in this embodiment of this
disclosure, because an error in a triangulation step depends
on a specific used method, it is difficult to obtain a closed-
form solution based on a covariance of an initialization
result of a dynamic target. Therefore, it may be considered
that an empirical value is set for a covariance matrix as an
initial value, and the covariance is continuously corrected in
a subsequent update process.

(9) Target Measurement 330:

The target measurement 330 is configured to process a
dynamic feature point. For details, refer to step 640 in FIG.
6.

Step 640: Calculate a measurement result.

When dynamic targets are lost or a maximum tracking
length is reached, a state vector is updated based on their
measurement results.

In this disclosure, measurement results of all feature
points, including a “representation point” and a “non-rep-
resentation point”, on a target detected in an image are
collected and used. A measurement model of the represen-
tation point is as follows:
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Zg) = H(Cp(Ti)) +nr 65

“pf = C(Ga)(pY 56

- GPC)

I1 is a projection function for projecting a feature point in
a three-dimensional space onto a planar image, and i is
a number of a dynamic target.

Residual equations of the feature point are as follows:

r(Ti) ~ HS?)? + HTC]NJ(TI) +nr G
HY =[0 ... JOL% x|~ s0CEs) .. S
HP = J9¢C(Eq) (59
In the formula,
c f((") (60)
10 -——— )
JO = 1 ¢z
30 cp®
01 P
cg® (61)
cpi |yt
CZ(I)

A measurement model of the non-representation point is
as follows:

z; H(Cp(f')) +ng (62)

c (r) 63)

= G + (g (’)) 70 -p1)

A residual of a measured value may be represented as
follows:

A~ HQX + By P v np 64

Y =[0 ... JO[CpP+c(§) ph)x| - s0cG) .| ©

H(x) J(')C( q)C( A(l)) (66)

To reduce a calculation amount, in this embodiment of
this disclosure, only an item related to a state vector is
retained, and an item related to a feature point is marginal-
ized. Therefore, the residual equations are separately pro-
jected to left zero spaces of H,” and H,®, to eliminate
impact of

and Tf)ﬂ (a specific manner is similar to that in 2.3), and these
equations are combined into a large matrix equation, to
obtain:

PG IO dE iy 67

Step 650: If the dynamic target cannot be tracked con-
tinuously, delete the dynamic target from an overall state
vector, and correspondingly modify a covariance matrix.
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Optionally, a system does not remove the dynamic target
from the system state vector when the dynamic target is not
observed the first time, because there are many reasons why
the dynamic target is not detected, which may be single error
detection or temporary blocking of the target. In this case, if
the dynamic target is deleted rashly, correctness, continuity,
and robustness of the system will be affected.

In addition, the system does not always retain information
about the dynamic target in the state vector, because unnec-
essary calculation burden is caused in that case.

To avoid these negative effects, the dynamic target is
deleted from the state vector and a covariance matrix is
modified correspondingly only when the dynamic target
cannot be tracked for a proper period of time. In a possible
implementation, only a row and a column that correspond to
the dynamic target need to be deleted.

In this embodiment of this disclosure, a scale of a system
state vector is controlled within a specific range, to reduce
unnecessary calculation complexity, and ensure that an
algorithm can perform real-time processing.

(10) State Update Module 170:

A residual equation column of measurement results of a

static feature point and a dynamic feature point is written

into an equation, as shown in a formula (68):
ro=H X+n, 68)

To reduce calculation complexity, QR decomposition is
performed on H,, to reduce dimensions, to obtain:

H,=[O1 Qz][T(')q] e

A result is substituted to obtain a final residual equation

for updating, as shown in a formula (70):
r=TX+n, (70)
That is:
r=0,"r, an
n,=0,"n, (72)

A Kalman gain K is calculated by using a formula (73):

K=Pyi Tt/ (TeiPrp TR, (73)

R, is a covariance matrix of noise n,,.

P is used to represent a covariance matrix at a
current moment (k) that is predicted based on
updated P,_, ., at a previous moment (k—1).

P, is used to represent an updated covariance matrix at

the current moment (k).

A state vector is updated by using formulas (74) and (75):

AX=Kr, (74)

Xai= XK FAX (75)

Xur—1 1s used to represent an overall state vector at a
current moment (k) that is predicted based on updated
X1z at a previous moment (k—1).

X« 1s used to represent an updated overall state vector at
the current moment (k).

A covariance matrix is updated by using a formula (76):
Prus=(=KT )Py (I-KT )" +KR K™ 76)

In this embodiment of this disclosure, a relatively good
positioning result can still be obtained in a complex sce-
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nario, for example, in a case of occlusion, discontinuous
observation, or fast movement.

The foregoing describes, in detail with reference to FIG.
1 to FIG. 6, the moving object tracking method provided in
the embodiments of this disclosure. The following describes
in detail embodiments of an apparatus of this disclosure with
reference to FIG. 7 and FIG. 8. It should be understood that
descriptions of the method embodiments correspond to
descriptions of the apparatus embodiments. Therefore, for a
part that is not described in detail, refer to the foregoing
method embodiments.

FIG. 7 is a schematic block diagram of a moving object
tracking apparatus 700 according to an embodiment of this
disclosure. The apparatus 700 may include:

an obtaining module 710, configured to obtain a current
frame captured by a camera;

a first prediction module 720, configured to predict a
current state vector of the camera based on an inertial
measurement unit IMU and the current frame, to obtain
a predicted value of the current state vector of the
camera, where the current state vector of the camera is
used to indicate a current pose of the camera;

a second prediction module 730, configured to predict a
current state vector of a target object that is moving in
the current frame, to obtain a predicted value of the
current state vector of the target object, where the
current state vector of the target object is used to
indicate a current pose of the target object; and

an update module 740, configured to update a Kalman
state vector based on a measurement result of an image
feature in the cwrrent frame, to obtain an updated
Kalman state vector, where the updated Kalman state
vector is used to indicate that the target object is
tracked.

Optionally, the method 700 further includes:

a first calculation module 750, configured to calculate a
Jacobian matrix of the image feature of the current
frame based on an image feature of a background part
in the current frame and an image feature of the target
object; and

the update module 740 is configured to:

update, based on the Jacobian matrix of the image feature
of the current frame, the predicted value of the current
state vector of the target object and the predicted value
of the current state vector of the camera that are
included in the Kalman state vector.

Optionally, the second prediction module 730 is config-

ured to:

determine a dynamic feature point in the current frame,
where the dynamic feature point includes a represen-
tation point and a non-representation point, the repre-
sentation point is used as an origin of a coordinate
system of the target object, and the non-representation
point is used to represent another dynamic feature point
other than the representation point on the target object;
and

predict, based on an attitude of the representation point
and the random motion model, the current state vector
of the target object in the moving state in the current
frame, to obtain the predicted value of the current state
vector of the target object.

Optionally, the method 700 further includes:

a second calculation module 760, configured to: when the
representation point is blocked, calculate the attitude of
the representation point by using an attitude of the
non-representation point.
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Optionally, the second prediction module 730 is config-
ured to:

frame the target object in the moving state in the current
frame by using a bounding box; and

determine a feature point in the bounding box as the
dynamic feature point.

Optionally, the method 700 further includes:

a generation module 770, configured to: when the target
object in the moving state is observed in a plurality of
frames of images before the current frame, add the
predicted value of the current state vector of the target
object to a sliding window, to generate the Kalman state
vector, where the sliding window includes the predicted
value of the current state vector of the camera.

Optionally, the method 700 further includes:

a deletion module 780, configured to: if the target object
in the moving state is not observed in the current frame
within a preset time, delete the predicted value of the
current state vector of the target object from the Kal-
man state vector.

FIG. 8 is a schematic block diagram of a moving object
tracking apparatus 800 according to an embodiment of this
disclosure. The apparatus 800 may include: a memory 810,
a processor 820, and an input/output interface 830.

The memory 810, the processor 820, and the input/output
interface 830 are connected by using an internal connection
path. The memory 810 is configured to store a program
instruction. The processor 820 is configured to execute the
program instruction stored in the memory 810, to control the
input/output interface 830 to receive input data and infor-
mation, and output data such as an operation result.

It should be understood that, the processor 820 in the
embodiments of this disclosure may be a central processing
unit (central processing unit, CPU), or may further be
another general purpose processor, a digital signal processor
(digital signal processor, DSP), an application specific inte-
grated circuit (application specific integrated circuit, ASIC),
a field programmable gate array (field programmable gate
array, FPGA), or another programmable logical device,
discrete gate or transistor logical device, discrete hardware
component, or the like. The general purpose processor may
be a microprocessor, or the processor may be any conven-
tional processor or the like. Alternatively, the processor 820
uses one or more integrated circuits, and is configured to
execute a related program, to implement the technical solu-
tions provided in the embodiments of this disclosure.

The memory 810 may include a read-only memory and a
random access memory, and provide an instruction and data
to the processor 820. A part of the processor 820 may further
include a non-volatile random access memory. For example,
the processor 820 may further store information of a device
type.

The memory 810 may be a read only memory (Read Only
Memory, ROM), a static storage device, a dynamic storage
device, or a random access memory (Random Access
Memory, RAM). The memory 901 may store a program.
When the program stored in the memory 810 is executed by
the processor 820, the processor 810 is configured to per-
form steps in the embodiments of this disclosure.

In an implementation process, steps in the foregoing
methods can be implemented by using a hardware integrated
logical circuit in the processor 820, or by using instructions
in a form of software. The method of the communication
disclosed with reference to the embodiments of this disclo-
sure may be directly performed by a hardware processor, or
may be performed by using a combination of hardware in the
processor and a software module. A software module may be
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located in a mature storage medium in the art, such as a
random access memory, a flash memory, a read-only
memory, a programmable read-only memory, an electrically
erasable programmable memory, or a register. The storage
medium is located in the memory 810, and a processor 820
reads information in the memory 810 and completes the
steps in the foregoing methods in combination with hard-
ware of the processor.
Specifically, the processor 820 obtains the stored instruc-
tion from the memory 810, and performs the following
steps:
obtaining a current frame captured by a camera;
predicting a current state vector of the camera based on an
inertial measurement unit IMU and the current frame,
to obtain a predicted value of the current state vector of
the camera, where the current state vector of the camera
is used to indicate a current pose of the camera;

predicting a current state vector of a target object that is
moving in the current frame, to obtain a predicted value
of the current state vector of the target object, where the
current state vector of the target object is used to
indicate a current pose of the target object;

generating a Kalman state vector based on the predicted
value of the current state vector of the camera and the
predicted value of the current state vector of the target
object; and

updating the Kalman state vector based on a measurement

result of an image feature in the current frame, to obtain
an updated Kalman state vector, where the updated
Kalman state vector is used to indicate that the target
object is tracked.

Optionally, a Jacobian matrix of the image feature of the
current frame is calculated based on an image feature of a
background part in the current frame and an image feature
of the target object; and the predicted value of the current
state vector of the target object and the predicted value of the
current state vector of the camera that are included in the
Kalman state vector are updated based on the Jacobian
matrix of the image feature of the current frame.

Optionally, a dynamic feature point in the current frame
is determined, where the dynamic feature point includes a
representation point and a non-representation point, the
representation point is used as an origin of a coordinate
system of the target object, and the non-representation point
is used to represent another dynamic feature point other than
the representation point on the target object; and the current
state vector of the target object in the moving state in the
current frame is predicted based on an attitude of the
representation point and the random motion model, to obtain
the predicted value of the current state vector of the target
object.

Optionally, when the representation point is blocked, the
attitude of the representation point is calculated by using an
attitude of the non-representation point.

Optionally, the target object in the moving state in the
current frame is framed by using a bounding box; and a
feature point in the bounding box is determined as the
dynamic feature point.

Optionally, when the target object in the moving state is
observed in a plurality of frames of images before the
current frame, the predicted value of the current state vector
of the target object is added to a sliding window, to generate
the Kalman state vector, where the sliding window includes
the predicted value of the current state vector of the camera.

Optionally, if the target object in the moving state is not
observed in the current frame within a preset time, the
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predicted value of the current state vector of the target object
is deleted from the Kalman state vector.

It should be noted that, in the apparatus 800 shown in FIG.
8, the processor 820 may invoke a computer program in the
memory 810 to implement steps performed by modules. For
example, the processor 820 may invoke a computer instruc-
tion stored in a cache to perform steps that need to be
performed by the modules.

It should be understood that sequence numbers of the
foregoing processes do not mean execution sequences in
various embodiments of this disclosure. The execution
sequences of the processes should be determined according
to functions and internal logic of the processes, and should
not be construed as any limitation on the implementation
processes of the embodiments of this disclosure.

Optionally, this disclosure further provides a chip. The
chip includes: a memory, configured to store a program; and
a processor, configured to execute the program stored in the
memory. When the program stored in the memory is
executed, the processor is configured to perform the method
in the first aspect.

Optionally, the processor may be a general purpose pro-
cessor, and may be implemented by hardware or software.
When implemented by hardware, the processor may be a
logical circuit, an integrated circuit, or the like. When
implemented by software, the processor may be a general
purpose processor, and is implemented by reading software
code stored in the memory. The memory may be integrated
into the processor, or may be located outside the processor,
and exist independently.

The memory, the processor, and an input/output interface
are connected by using an internal connection path. The
memory is configured to store a program instruction. The
processor is configured to execute the program instruction
stored in the memory, to control the input/output interface
830 to receive input data and information, and output data
such as an operation result.

It should be understood that, the processor in the embodi-
ments of this disclosure may be a central processing unit
(central processing unit, CPU), or may further be another
general purpose processor, a digital signal processor (digital
signal processor, DSP), an application specific integrated
circuit (application specific integrated circuit, ASIC), a field
programmable gate array (field programmable gate array,
FPGA), or another programmable logical device, discrete
gate or transistor logical device, discrete hardware compo-
nent, or the like. The general purpose processor may be a
microprocessor, or the processor may be any conventional
processor or the like. Alternatively, the processor uses one or
more integrated circuits, and is configured to execute a
related program, to implement the technical solutions pro-
vided in the embodiments of this disclosure.

The memory may include a read-only memory and a
random access memory, and provide an instruction and data
to the processor. A part of the processor may further include
a non-volatile random access memory. For example, the
processor may further store information of a device type.

In an implementation process, steps in the foregoing
methods can be implemented by using a hardware integrated
logical circuit in the processor, or by using instructions in a
form of software. The method of the communication dis-
closed with reference to the embodiments of this disclosure
may be directly performed by a hardware processor, or may
be performed by using a combination of hardware in the
processor and a software module. A software module may be
located in a mature storage medium in the art, such as a
random access memory, a flash memory, a read-only
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memory, a programmable read-only memory, an electrically
erasable programmable memory, or a register. The storage
medium is located in the memory, and a processor reads
information in the memory and completes the steps in the
foregoing methods in combination with hardware of the
processor.

Specifically, the processor obtains the stored instruction
from the memory, and performs the following steps:

obtaining a current frame captured by a camera;

predicting a current state vector of the camera based on an
inertial measurement unit IMU and the current frame,
to obtain a predicted value of the current state vector of
the camera, where the current state vector of the camera
is used to indicate a current pose of the camera;

predicting a current state vector of a target object in the
moving state in the current frame, to obtain a predicted
value of the current state vector of the target object,
where the current state vector of the target object is
used to indicate a current pose of the target object;

generating a Kalman state vector based on the predicted
value of the current state vector of the camera and the
predicted value of the current state vector of the target
object; and

updating the Kalman state vector based on a measurement

result of an image feature in the current frame, to obtain
an updated Kalman state vector, where the updated
Kalman state vector is used to indicate that the target
object is tracked.

Optionally, a Jacobian matrix of the image feature of the
current frame is calculated based on an image feature of a
background part in the current frame and an image feature
of the target object; and the predicted value of the current
state vector of the target object and the predicted value of the
current state vector of the camera that are included in the
Kalman state vector are updated based on the Jacobian
matrix of the image feature of the current frame.

Optionally, a dynamic feature point in the current frame
is determined, where the dynamic feature point includes a
representation point and a non-representation point, the
representation point is used as an origin of a coordinate
system of the target object, and the non-representation point
is used to represent another dynamic feature point other than
the representation point on the target object; and the current
state vector of the target object in the moving state in the
current frame is predicted based on an attitude of the
representation point and the random motion model, to obtain
the predicted value of the current state vector of the target
object.

Optionally, when the representation point is blocked, the
attitude of the representation point is calculated by using an
attitude of the non-representation point.

Optionally, the target object in the moving state in the
current frame is framed by using a bounding box; and a
feature point in the bounding box is determined as the
dynamic feature point.

Optionally, when the target object in the moving state is
observed in a plurality of frames of images before the
current frame, the predicted value of the current state vector
of the target object is added to a sliding window, to generate
the Kalman state vector, where the sliding window includes
the predicted value of the current state vector of the camera.

In another possible implementation, if the target object in
the moving state is not observed in the current frame within
a preset time, the predicted value of the current state vector
of the target object is deleted from the Kalman state vector.

Optionally, this disclosure further provides a computer-
readable medium. The computer-readable medium stores
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program code executed by a device, and the program code
includes an instruction used to perform the method in FIG.
2.

Optionally, this disclosure further provides a computer
program product including an instruction. When the com-
puter program product is run on a computer, the computer is
enabled to perform the method in FIG. 2.

A person of ordinary skill in the art may be aware that, in
combination with the examples described in the embodi-
ments disclosed in this specification, units and algorithm
steps may be implemented by electronic hardware or a
combination of computer software and electronic hardware.
Whether the functions are performed by hardware or soft-
ware depends on particular applications and design con-
straint conditions of the technical solutions. A person skilled
in the art may use different methods to implement the
described functions for each particular application, but it
should not be considered that the implementation goes
beyond the scope of this disclosure.

It may be clearly understood by a person skilled in the art
that, for the purpose of convenient and brief description, for
a detailed working process of the foregoing system, appa-
ratus, and unit, refer to a corresponding process in the
foregoing method embodiments, and details are not
described herein again.

Terminologies such as “component”, “module”, and “sys-
tem” used in this disclosure are used to indicate computer-
related entities, hardware, firmware, combinations of hard-
ware and software, software, or software being executed.
For example, a component may be, but is not limited to, a
process that runs on a processor, a processor, an object, an
executable file, a thread of execution, a program, and/or a
computer. As shown in figures, both a computing device and
an application that runs on a computing device may be
components. One or more components may reside within a
process and/or a thread of execution, and a component may
be located on one computer and/or distributed between two
or more computers. In addition, these components may be
executed from various computer-readable media that store
various data structures. The components may communicate
by using a local and/or remote process and according to, for
example, a signal having one or more data packets (for
example, data from two components interacting with
another component in a local system, a distributed system,
and/or across a network such as the Internet interacting with
other systems by using the signal).

It should be understood that in the embodiments of this
disclosure, division of manners, cases, categories, and
embodiments are merely for ease of description, and should
not constitute a special limitation. Features in different
manners, categories, cases, and embodiments may be com-
bined provided that no contradiction is caused.

It should be further understood that, in the embodiments
of this disclosure, “first”, “second”, “third”, and the like are
merely intended to represent different objects, and do not
imply another limitation on the represented objects.

In addition, the term “and/or” in this specification
describes only an association relationship for describing
associated objects and represents that three relationships
may exist. For example, A and/or B may represent the
following three cases: Only A exists, both A and B exist, and
only B exists. In addition, the character “/” in this specifi-
cation generally indicates an “or” relationship between the
associated objects.

It should be understood that in the embodiments of this
disclosure, “B corresponding to A” indicates that B is
associated with A, and B may be determined according to A.
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However, it should further be understood that determining A
according to B does not mean that B is determined according
to A only; that is, B may also be determined according to A
and/or other information.

In the several embodiments provided in this disclosure, it
should be understood that the disclosed system, apparatus,
and method may be implemented in other manners. For
example, the described apparatus embodiment is merely an
example. For example, the unit division is merely logical
function division and may be other division in actual imple-
mentation. For example, a plurality of units or components
may be combined or integrated into another system, or some
features may be ignored or not performed. In addition, the
displayed or discussed mutual couplings or direct couplings
or communication connections may be implemented by
using some interfaces. The indirect couplings or communi-
cation connections between the apparatuses or units may be
implemented in electronic, mechanical, or other forms.

The units described as separate parts may or may not be
physically separate, and parts displayed as units may or may
not be physical units, may be located in one position, or may
be distributed on a plurality of network units. Some or all of
the units may be selected based on actual requirements to
achieve the objectives of the solutions of the embodiments.

In addition, functional units in the embodiments of this
disclosure may be integrated into one processing unit, or
each of the units may exist alone physically, or two or more
units are integrated into one unit.

When the functions are implemented in the form of a
software functional unit and sold or used as an independent
product, the functions may be stored in a computer-readable
storage medium. Based on such an understanding, the tech-
nical solutions of this disclosure essentially, or the part
contributing to the prior art, or some of the technical
solutions may be implemented in a form of a software
product. The software product is stored in a storage medium,
and includes several instructions for instructing a computer
device (which may be a personal computer, a server, or a
network device) to perform all or some of the steps of the
methods described in the embodiments of this disclosure.
The foregoing storage medium includes: any medium that
can store program code, such as a USB flash drive, a
removable hard disk, a read-only memory (read-only
memory, ROM), a random access memory (random access
memory, RAM), a magnetic disk, or an optical disc.

The foregoing descriptions are merely specific implemen-
tations of this disclosure, but are not intended to limit the
protection scope of this disclosure. Any variation or replace-
ment readily figured out by a person skilled in the art within
the technical scope disclosed in this disclosure shall fall
within the protection scope of this disclosure. Therefore, the
protection scope of this disclosure shall be subject to the
protection scope of the claims.

What is claimed is:

1. A method for tracking an object, comprising:

obtaining a current frame captured by a camera, wherein
the camera is located in a vehicle;

determining a current pose of the camera based on an
inertial measurement unit IMU on the vehicle and the
current frame;

determining a current pose of a target object in the current
frame, wherein the target object is located around the
vehicle; and

optimizing the current pose of the camera and the current
pose of the target object to obtain a second pose of the
camera and a second pose of the target object, wherein
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the second pose of the camera and the second pose of
the target object are used to track the target object; and
wherein the determining a current pose of a target object

in the current frame comprises:

determining a dynamic feature point in the current
frame, wherein the dynamic feature point comprises
a representation point, and the representation point is
used as an origin of a coordinate system of the target
object; and

predicting the current pose of the target object in the
current frame based on an attitude of the represen-
tation point and a random motion model, to obtain
the current pose of the target object.

2. The method according to claim 1, wherein the method
further comprises:

calculating a Jacobian matrix of an image feature of the
current frame based on an image feature of a back-
ground part in the current frame and an image feature
of the target object; and

updating the current pose of the camera and the current
pose of the target object based on a measurement result
of the image feature in the current frame comprises:

updating the current pose of the target object and the
current pose of the camera based on the Jacobian
matrix of the image feature of the current frame.

3. The method according to claim 1, wherein the dynamic
feature point further comprises a non-representation point,
and the non-representation point is used to represent another
dynamic feature point other than the representation point on
the target object; and

the method further comprises:

when the representation point is blocked, calculating the
attitude of the representation point by using an attitude
of the non-representation point.

4. The method according to claim 1, wherein the deter-
mining a dynamic feature point in the current frame com-
prises:

framing a target object that is moving in the current frame
by using a bounding box; and

determining a feature point in the bounding box as the
dynamic feature point.

5. The method according to claim 1, wherein the method

further comprises:

adding the current pose of the target object to a sliding
window, to generate a Kalman state vector, wherein the
sliding window comprises the current pose of the
camera.

6. The method according to claim 1, wherein the method

further comprises:

if the target object in the moving state is not observed in
a corresponding frame within a preset time, deleting a
predicted value of a current state vector of the target
object from the Kalman state vector.

7. An apparatus for tracking an object, comprising:

a memory configured to store instructions for a computer
program;

a processor coupled to receive and execute the instruc-
tions which cause the apparatus to track a moving
object by performing the steps of:

obtaining a current frame captured by a camera disposed
in a vehicle;

determining a current pose of the camera based on an
inertial measurement unit IMU on the vehicle and the
current frame;

determining a current pose of a target object in the current
frame, wherein the target object is located around the
vehicle; and
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optimizing the current pose of the camera and the current
pose of the target object to obtain a second pose of the
camera and a second pose of the target object, wherein
the second pose of the camera and the second pose of
the target object are used to track the target object; and
wherein the determining a current pose of a target object
in the current frame comprises:
determining a dynamic feature point in the current
frame, wherein the dynamic feature point comprises
a representation point, and the representation point is
used as an origin of a coordinate system of the target
object; and
predicting the current pose of the target object in the
current frame based on an attitude of the represen-
tation point and a random motion model, to obtain
the current pose of the target object.

8. The apparatus according to claim 7 further configured
to receive and execute the instructions which cause the
apparatus to track the moving object by performing the steps
of:

calculating a Jacobian matrix of an image feature of the

current frame based on an image feature of a back-
ground part in the current frame and an image feature
of the target object; and

updating the current pose of the camera and the current

pose of the target object based on a measurement result
of the image feature in the current frame comprises:
updating the current pose of the target object and the
current pose of the camera based on the Jacobian
matrix of the image feature of the current frame.

9. The apparatus according to claim 7, wherein the
dynamic feature point further comprises a non-representa-
tion point, and the non-representation point is used to
represent another dynamic feature point other than the
representation point on the target object; and

the method further comprises:

when the representation point is blocked, calculating the

attitude of the representation point by using an attitude
of the non-representation point.

10. The apparatus according to claim 7, wherein the
determining a dynamic feature point in the current frame
comprises:

framing a target object that is moving in the current frame

by using a bounding box; and

determining a feature point in the bounding box as the

dynamic feature point.

11. The apparatus according to claim 7, wherein the
method further comprises:

adding the current pose of the target object to a sliding

window, to generate a Kalman state vector, wherein the
sliding window comprises the current pose of the
camera.

12. The apparatus according to claim 7 further configured
to receive and execute the instructions which cause the
apparatus to track the moving object by performing the step
of, if the target object in the moving state is not observed in
a corresponding frame within a preset time, deleting a
predicted value of a current state vector of the target object
from the Kalman state vector.

13. A apparatus for tracking a moving object, comprising:

an input/output interface,

a processor, and

a memory, wherein the memory is configured to store

program instructions, and the processor is configured to
execute the program instructions from the memory to
perform the steps of:
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obtaining a current frame captured by a camera, wherein
the camera is located in a vehicle;
determining a current pose of the camera based on an
inertial measurement unit IMU on the vehicle and the
current frame;
determining a current pose of a target object in the current
frame, wherein the target object is located around the
vehicle; and
optimizing the current pose of the camera and the current
pose of the target object to obtain a second pose of the
camera and a second pose of the target object, wherein
the second pose of the camera and the second pose of
the target object are used to track the target object; and
wherein the determining a current pose of a target object
in the current frame comprises:
determining a dynamic feature point in the current
frame, wherein the dynamic feature point comprises
a representation point, and the representation point is
used as an origin of a coordinate system of the target
object; and
predicting the current pose of the target object in the
current frame based on an attitude of the represen-
tation point and a random motion model, to obtain
the current pose of the target object.
14. A nontransitory computer-readable storage medium,
comprising a computer program, wherein when the com-
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puter program executed by a processor in an apparatus,
causes the apparatus to perform the steps of:
obtaining a current frame captured by a camera, wherein
the camera is located in a vehicle;
determining a current pose of the camera based on an
inertial measurement unit IMU on the vehicle and the
current frame;
determining a current pose of a target object in the current
frame, wherein the target object is located around the
vehicle; and
optimizing the current pose of the camera and the current
pose of the target object to obtain a second pose of the
camera and a second pose of the target object, wherein
the second pose of the camera and the second pose of
the target object are used to track the target object; and
wherein the determining a current pose of a target object
in the current frame comprises:
determining a dynamic feature point in the current
frame, wherein the dynamic feature point comprises
a representation point, and the representation point is
used as an origin of a coordinate system of the target
object; and
predicting the current pose of the target object in the
current frame based on an attitude of the represen-
tation point and a random motion model, to obtain
the current pose of the target object.
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